Nowadays, networks are at the center of the next industrial revolution. In fact, 5G in a short time will connect people, industries and things, so understanding how the network is performing its critical mission in this new paradigm is a key aspect. Network analytics increases the knowledge of the network and its users, leading the network managers to make smarter, data-driven decisions about the operations that they will execute in the network. In this article, a new methodology is introduced to analyze real data contained in a Call Details Record of a mobile network. With this novel methodology, the extraction of extreme points using the orthogonal projection decrease the complexity of the classification algorithm to obtain key information about network usage. Experimental results show how the proposed methodology selects and classifies network behavior patterns using a simple classification algorithm and how these patterns could be used to find, for instance, anomalies in the network, track human mobility, undertake network planning, detect events in the network, etc.
I. INTRODUCTION
The Internet was originally designed in the mid-1970s to link together a small group of researchers. Nowadays, it is used by millions of people around the world mainly due to the appearance of mobile communications which has made it necessary to adapt traditional networks in order to accommodate mobile users. According to a recent forecast, there will be 28.5 billion networked devices by 2022, an increment of 37% compared with 201. In addition, global mobile data traffic will increase 7-fold between 2017 and 2022 [1] .
The increase predicted in 2022 and beyond is driven by the emergence of 5G. The number of interconnected devices using heterogeneous technologies in order to seamlessly integrate multiple services and technologies will increase in a few years [2] .
In many ways, 5G will be a key technology of the next industrial revolution, due to its capacity for high data The associate editor coordinating the review of this manuscript and approving it for publication was Antonino Orsino . rates with ultra-low latency for applications in Industrial, Autonomous Vehicle, Tactile Internet, Robotics and Augmented reality (AR / Virtual Reality (VR) applications etc. The ability to support massive connectivity between diverse devices (sensors/gateways/controllers), with data processing on the edge of the network, and including the main characteristics of 5G such as high-bandwidth, low-latency or Mobile Edge Computing (MEC), requires from specialized nodes to acquire network information to data analytics to process all the information in order to infer improvements to the network [3] . In order to reduce costs, data analytics will play a critical role in the development of 5G and the network operations.
In order to improve the maintenance of the network and assure the availability of resources, network providers use network traffic monitoring systems to review, analyze and manage the network. These network traffic monitoring systems regularly collects extensive data about call volume, calling patterns and the location of the devices in order to analyze the information. This information is also useful in VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ order to analyze the behavior and consumption patterns of the mobile users. When a mobile phone is connected to a carrier network, it must periodically report its presence to nearby cell towers, registering its position to send or receive calls, SMS (Short Message Service) or connect to the Internet. This report is useful to the carrier to obtain detailed information about the spatial-temporal localization included in a Call Detailed Record (CDR) [4] . These data sources are becoming more important because they contain valuable information on users' behaviors [5] . Therefore, CDR are normally used to study human activity and mobility but can also be used in a variety of fields such as human mobility, city planning, tourism, event detection, and many others [6] - [8] . In other cases, research explores the relationship between environmental variables and mobility usage [9] .
The information contained in a CDR is different from other data sets, which contain fine-grained data such as GPS data on the trajectory of users, and this presents a variety of challenges that need to be resolved. The location of users is only recorded when they make or receive a call, send or receive an SMS or connect to the Internet, which causes the sparseness of the spatial CDR data. This means the user mobility cannot be tracked. Furthermore, in some cases, data is aggregated in patterns, like a grid [10] . This complicates the analysis because some behaviors are masked due to this aggregation.
In general, these types of data sets, which includes geographical information related to an urban area, fix the network information to a concrete space and time. Therefore, each instant in time could be considered a three-dimensional data cube where the first two dimension are the X and Y spatial components and Z the characterization of the area based on the information collected from the network. Then the problem could be divided in two main models depending on how we consider the data to be organized: a linear model [11] and a non-linear model [12] .
This work is focused on the linear model approach, which considers each sub-area characterization a linear combination of different unknown network comportments to be unique descriptions of a particular activity in the network. In this paper, we present a novel application that uses techniques intended to extract and represent these comportments, such us the Orthogonal Subspace Projection (OSP) [13] technique, thereby reducing the information that needs to be managed and applied according to different aims. Currently, to the best of our knowledge, no earlier studies address the extraction and representation of a CDR data set using these techniques. Other works in similar research areas explore the influence of the topology on the results [14] , [15] , but this work is focused on the analysis of the comportments without considering the underlying topology.
The remainder of this paper is organized as follows. Section II describes the methodology used and the techniques applied in this work. A set of experiments based on the described methodology is introduced in Section III. Finally, Section IV contains our concluding remarks.
II. PROPOSED METHODOLOGY
Many different technologies use the telecommunications infrastructure simultaneously allowing telecommunications companies to collect an immense amount of data about the state of the network [16] . Each technology could be described and treated separately developing separate goals for each one but when they are seen as a whole, broader conclusions can be inferred. When geographically referenced, each technology value in a concrete location becomes a component of a vector that can be represented as a signature. These signatures form the network comportment of that area. Therefore, it is possible to represent this information as a three-dimensional data cube ( Figure 1 ) where the first two dimensions represent the spatial coordinates in a two dimensional space, and the last one captures the comportment of the network in that particular location.
Assuming there are a limited number of comportments due to the limitations of the physical infrastructure, we assume that each sub-area is a combination of these limited signatures. Two models can be applied to characterize sub-areas in the data cube. Firstly, by assuming that the interactions between the comportments follow a nonlinear model with multiple scattering effects and other non-linearities, or by applying a linear model that models each sub-area as a linear combination of unique comportments weighted by their corresponding values. The linear model is expressed in mathematical form in Equation 1. where Y is the complete data set, U is the comportment arrays in matrix form, α is the weight matrix and e ∈ R is a matrix that represents the error introduced during the process. The linear model can be represented in a graphical way, as is displayed in Figure 2 , using a two-dimensional dispersion diagram between two uncorrelated features.
In Figure 2 , all the points included in the data set are inside the triangle (simplex) formed by the most extreme points (the comportments already mentioned). These points define a new coordinate system, whose origin is the centroid of the data distribution and which can be used to express the rest of data points as a linear combination of the comportments which define the vertices of the simplex [17] . Although the nonlinear model may characterize better real distributions, the linear model has some practical advantages such as easier implementation. Therefore, this work aims to find those extreme points in the f -dimensional space formed by the feature arrays collected for each sub-area of the data cube. The variable space is the P-dimensional space, which covers one axis per variable, in which we can represent the comportment of a cell as a vector.
For any vector y n = [y 0 , y 1 , . . . , y f ] ∈ Y , and any subspace defined by its basis U , the projection of y n on U is given by
where Y is a matrix defined by the number of cells, or subareas n, and f the number of features, and U is the conjunction of comportments with dimensions l × f , being l the number of classes analyzed. Then, using the data set Y and the conjunction of comportments U as the axes of the new vector space, we can derive the Euclidean orthogonal projector for U as shown in Equation 3 [18] , [19] .
With the Euclidean orthogonal projector every point in the data set can be projected to the new vector space, transforming the data to the new coordinate system and allowing the selection of the extreme points, which will form the reference vectors for each class for the future clustering process. The OSP [13] technique set, iteratively, these comportments to the most extreme points in the new coordinate system, ensuring that in the end every cell is inside the simplex formed by those points, as explained above.
In Algorithm 1, the input is the data cube Y . The first step of the algorithm starts looking for the highest module point (HPM) in the data cube, which is going to be the first of our selected targets set by U . Iteratively, P ⊥ U would be a vector p orthogonal to the subspace spanned by the columns of U . After that, Y is projected onto p and the index with the maximum argument will indicate the index of which sub-area array would be the next target. The process ends when all targets are selected.
Once every target is selected by the methodology, they are assumed to be the reference vectors which describe a set of an equal number of classes. In order to establish a relationship between each class defined by the comportment and every sub-area y n in the data set Y , a Euclidean distance-based technique is performed, assigning each sub-area to the closest comportment c l ∈ U . This is depicted in Figure 3 .
Finally, if each class found represents a different level of network intensity, the comportments are sorted by module ordering the set from lowest to highest usage of the network. An example of a resulting classification in a cluster map is illustrated in Figure 4 .
In addition, a data set described below, comprised of several data cubes of the same area over a period of time is represented as well as a data cube similar to the one shown in Figure 5 . This interpretation of the data set allows us to perform a set of experiments over the period that are covered in Section III. 
III. EXPERIMENTAL RESULTS

A. DESCRIPTION OF THE DATA SET
Telecom Italia and SpazioDati published the first open source telecommunication data through the first Big Data Challenge in 2014. The challenge was designed to stimulate ideas in the field of big data. After the competition the data set was released under the name of Open Big Data [10] . The data set includes telecom and social data for Milan and Trento province, including urban and rural areas, and covers 2 months (from November to December 2013). The information provided by the data set covers the following attributes:
• Received SMS: the information is generated each time a user receives an SMS.
• Sent SMS: a record is generated each time a user sends an SMS.
• Incoming Call: a new record is generated each time a user receives a call.
• Outgoing Call: a CDR is generated each time a user issues a call. • Internet: a record is generated each time a user starts an Internet connection or ends an Internet connection. During the same connection a CDR is generated if the connection lasts for more than 15 minutes or the user transferred more than 5 MB. Our work focuses on the Milan data set which includes the metropolitan and suburban areas, and this is divided using a grid of square cells of 235 m per side, covering an area of 552 km 2 . The data is obtained in 10-minute intervals to collect all the received and sent SMS, incoming and outgoing calls and Internet connections from each cell in the grid and save the information as an activity level. Features are sorted as they are described in the original data set. 1 Any order of the features can be considered, but it must be set at the beginning and maintained during the analysis, to ensure the results are coherent with the data order.
B. ANALYSIS AND RESULTS
In this section, the results obtained by applying the methodology and using the data set described in the previous section, are discussed. The first analysis undertaken using a random date at midday. The day chosen is Thursday November 14 th 2013. Figure 6 depicts the classification obtained using the five most extreme points calculated using the OSP algorithm. These comportments are in descending ordered based on their module and they define the network usage profile in the network, which is described for every 10-minute interval and can be used to classify the network usage in each cell of the interval. Almost 98% of the area is classified according to the lowest network usage profile. This does not means there is no traffic in that area, rather low-level usage in relation to the total usage in the interval. This class covers the vast rural FIGURE 6. Heat map representing the network usage using the information contained in one interval (at 15:00h) exclusively, which allows a maximum of five comporments to be extracted. areas and towns close to the metropolitan area, meaning that the most activity of the network is focused in the downtown area. Figure 7 shows the area analyzed, the grey zone being the official neighborhood division of Milan. The rest of the image represents the surrounding area which covers rural areas and other towns. In order to extend this analysis to different times, the procedure is repeated for another two intervals at 8:00h and 20:00h and the results are compared with the previous one in Figures 8(a) , 8(b) and 8(c). This analysis, based in a single interval, does not allow us to compare the intervals because the network usage classification is based on a particular instant and the selected classes are not related to the rest of the intervals. To generate comparable results within a single day the same vectors must be used in every interval. To achieve this goal the vectors obtained in every interval are used to create a single cluster set representing the whole day following the Equation 5.
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Being CS the cluster set and N the total number of intervals in which the data set is divided. Figures 8(d) to 8(f) show the results of this new approach, using the comportments obtained over one day (1 interval every 10 minutes, 144 intervals in total). With the new comportment set all the intervals can be measured in terms of network usage and they can then be compared. As can be observed at 8:00h in Figure 8(d) , the highlighted zone covers the metropolitan area of Milan and some surrounding towns, which have higher network usage than the rural areas analyzed. Considering the complete usage map, the network is mostly classified as lower usage compared with the network usage at 15:00h displayed in Figure 8 comportment, where the highest network usage profile is in the centre of the city but classified as a mid-network usage profile.
After the evaluation of the classification algorithm using 144 intervals in a day, it might be concluded that the information obtained for each interval is more accurate, given different network usages compared with other intervals of the day. The usage of the network is stronger at 15:00h than 8:00h and the highest network use is in the at city center. A disadvantage to this approach is that it requires a huge number of classes to classify network usage, even if the description made is a fine-tuned comportment of each cell. Consequently, the cluster set might be to large to be handled or establish a concordance to certain information labels, even more so when two months are processed, resulting in around 43,200 possible classes. Figure 8 (g) to 8(i) show the results by grouping the data set intervals hourly. With these new 24 intervals, the number of comportments to classify for an entire day decrease from 720 to 120 vectors. In comparison with the 10-minute interval classification, we can observe that the cells are classified in a similar way, reducing the cluster set used by a factor of 6 without a significant reduction in information. Comparing the 15:00h interval, some cells in the city center, around the cell (50,59), are classified as a higher level of network usage than the same interval in the 144-interval classification due to the interval grouping.
Figures 9(a) and 9(b) describe the variation of the classification in every cell of the day analyzed. If we compare both images, we can be assured that by using the 144-interval classification the information is more fine-tuned and variations between similar network usage profiles can be seen, illustrated by the variation in the color of the class.
For the evolution over a day, cells from 0 to around 3500 correspond with the rural area which surrounds Milan and present a low network usage profile. There are some cells which present a high network usage profile, such as the It is possible to check for instance that the Duomo of Milan opens at 8:00h and closes at 19:00h and the museum opens at 10:00h, as seen in the results obtained in the classification using network usage profiles shown in detail in Figure 10 . As mentioned before, the Duomo of Milan opens at 8:00h which matches with one of the mid-profile uses. The daily morning mass starts at 8:15h and for two hours the network usage profile remains at mid-level. When the museum opens, the network usage increases to the higher profiles and remains in this range until closing time at 19:00h. In Figure 10 The Milano Central Railway Station follows a similar comportment as the Duomo of Milan. Its open from 6:00h in the morning until 23:00h. This comportment can be observed in Figure 10 . The network usage profile starts to increase at 7:00h and the maximum network usage profile is reached in the time interval between 10:00h and 19:00h, which matches the maximum number of travelers in the railway station. After these intervals, the network usage is still in a mid-range profile.
The Mercatto of Milan has a different comportment as it is not located in the city center. The Mercatto is one of the biggest markets in Italy and opens between 4:00h to 5:00h. As could be observed in Figure 10 the Mercatto has a mid-high network usage profile from 7:00h to 10:00h which matches with the opening hour of the fruits and vegetable, fish and flower markets. Also, there is a mid network usage from 11:00h to 17:00h which are the opening hours of the meat market. For the rest of the day there is no public information concerning the activities carried out in the zone. The highest network usage profile is from 18:00h to 20:00h and corresponds with the end of the workday.
Cell 5772 covers the Politecnico di Milano, which is one of the largest universities in Italy. As can be observed, the main activity of the network is centered in the interval from 9:00h to 18:00h which matches with the teaching timetable of the University, from 8:15h to 18:15h.
Finally, the Giuseppe Meazza-San Siro Football Stadium cell is analyzed. As can be observed, the zone on this day has a low network usage profile even though it is located in a residential zone. With this comportment of the network in the day we can assume that there were not any sporting events that day. In order to analyze comportment of this cell in depth, Figure 11 depicts the entire data set in this single cell, which is the analysis of two months as explained in Section III-A. The reference values used to validate the results were obtained for the matches played in the stadium from the official AC Milan and Internatzionale Milano web sites, 3 as well as from the Italian National Football Team, who played a friendly match during the interval analyzed. In the reference we have included the percentage of attendance, based on a seating capacity of 80,018 persons. With this measure we can compare the attendance of the cell, which covers the entire stadium plus a minimal surrounding area, with the network comportment during the match, both being data values expressed as percentages.
As can be observed in Figure 11 , the match day, which is defined by the affluence, corresponds with the increment of network usage profile in that cell. The average match attendance in the stadium in around 50% of the seating capacity, and the network usage is, on average, a low network usage profile. There are three matches which can be highlighted. The first one is the match celebrated on November 15 th which does not follows the same comportment as other matches, the attendance is around the 50% but the network usage was above the mid network usage profile while the rest of the matches have a low network usage profile. This match was not an usual National League match. It was a friendly match between the Italian and German National Teams and the comportment changed with respect to a normal match day. The second one was a Champions League match celebrated on December 11 th . The attendance was above the average and the network usage is also over the average of previous FIGURE 11. Using the data set of two complete months (Nov-Dec) over the cell located over the Giuseppe Meazza-San Siro Football Stadium. The methodology is applied in order to find on what days matches were held based on the network usage. The line below represent the affluence to the stadium that day recorded in the sites of AC Milan and Internatzionale de Milano. Also included are some matches of the Italian National Football team held in that stadium during those dates.
matches. The last one is more representative, the Italian National League match celebrated on December 22 th which beats Inter of Milan and AC Milan. The attendance was near fully occupancy and Figure 11 shows that the comportment of the network was different to the other matches. People were in the stadium a couple of hours before the match started and remained in the area an hour after the match. The network usage profile in the intervals when the match was played was the highest profile and should be considered an anomaly. In conclusion, the presented approach not only allows network usage to be classified in a different way, but can also detect different patterns of comportment in the network and analyze them to find anomalies in the network usage. The analysis obtained with this approach can also be used to reinforce the mechanism which will be developed in 5G to orchestrate different network elements which provide connectivity for users in next generation networks [20] .
IV. CONCLUSION
This work focus on a research field that will be, in a short time, the key to building intelligent network and application services. Thanks to the information extracted from the network next generation networks like 5G can take the information and use it to deploy the virtual functions in the network, manage physical and virtual Radio Access Networks and model the spectrum usage, as well as develop flexible services in the network. For this reason, intelligence obtained from the network will decide where to scale specific network functions or increase the network slice to allow more devices to connect in a particular area. This article presents a novel methodology to analyze and classify real user traffic by using a real CDR data set from Telecom Italia. To accomplish this analysis, we represent the information obtained from the CDR in a data cube which can be analyzed using linear models methods such as OSP to extract and represent the network activity. The results show that there are characteristics which can be inferred from the comportment of the network due to spatio-temporal relationships with mobile network usage. This relationship is useful for network managers in order to manage and maximize the network resources, to find anomalies in the network or plan different events. For example, depending on the circumstances, the comportment of the network during a sporting event can be known beforehand. In future research, one of the main areas of work is the development of new techniques in order to find comportments in the data set and discriminate between them according to their significance. Variations of this methodology will be compared fairly with the aim of finding the relevance of each technique.
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